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Objective: To validate an automatic scheme for the segmentation and quantitative analysis of the medial
meniscus (MM) and lateral meniscus (LM) in magnetic resonance (MR) images of the knee.
Method: We analysed sagittal water-excited double-echo steady-state MR images of the knee from a
subset of the Osteoarthritis Initiative (OAI) cohort. The MM and LM were automatically segmented in the
MR images based on a deformable model approach. Quantitative parameters including volume, sub-
luxation and tibial-coverage were automatically calculated for comparison (Wilcoxon tests) between
knees with variable radiographic osteoarthritis (rOA), medial and lateral joint space narrowing (mJSN,
lJSN) and pain. Automatic segmentations and estimated parameters were evaluated for accuracy using
manual delineations of the menisci in 88 pathological knee MR examinations at baseline and 12 months
time-points.
Results: The median (95% conﬁdence-interval (CI)) Dice similarity index (DSI)
ð2*jAuto∩Manualj=ðjAutoj þ jManualjÞ*100Þ between manual and automated segmentations for the MM
and LM volumes were 78.3% (75.0e78.7), 83.9% (82.1e83.9) at baseline and 75.3% (72.8e76.9), 83.0%
(81.6e83.5) at 12 months. Pearson coefﬁcients between automatic and manual segmentation parameters
ranged from r ¼ 0.70 to r ¼ 0.92. MM in rOA/mJSN knees had signiﬁcantly greater subluxation and
smaller tibial-coverage than no-rOA/no-mJSN knees. LM in rOA knees had signiﬁcantly greater volumes
and tibial-coverage than no-rOA knees.
Conclusion: Our automated method successfully segmented the menisci in normal and osteoarthritic
knee MR images and detected meaningful morphological differences with respect to rOA and joint space
narrowing (JSN). Our approach will facilitate analyses of the menisci in prospective MR cohorts such as
the OAI for investigations into pathophysiological changes occurring in early osteoarthritis (OA)
development.
© 2014 Osteoarthritis Research Society International. Published by Elsevier Ltd. All rights reserved.Introduction
Quantitative analyses of the medial meniscus (MM) and lateral
meniscus (LM) from three-dimensional (3D) magnetic resonance
(MR) imaging offer opportunities to better understand the: A. Paproki, School of Infor-
University of Queensland, St
.au (A. Paproki), c.engstrom@
(S.S. Chandra), ales.neubert@
(J. Fripp), stuart@itee.uq.edu.
ternational. Published by Elsevier Lpathophysiological processes involved in the structural and func-
tional degeneration of the menisci associated with osteoarthritis
(OA)1e3. Recent semi4e11 and fully-quantitative8e15 MR studies have
reported signiﬁcant differences in the volume, tibial-coverage and
subluxation of the menisci between knees with distinctive radio-
graphic osteoarthritis (rOA), medial and lateral joint space narrowing
(mJSN, lJSN) or pain scores. While MR scoring methods provide good
reproducibilityand reliability for clinical evaluationof themenisci4e6,
acquisition of detailed quantitative data on these structures through
MR segmentation offers increased measurement precision for
investigating the in vivo 3D morphological and biochemical charac-
teristics of these ﬁbro-cartilaginous discs (e.g., T2, T1r imaging16e19,
analysis of volume changes with OA or post surgery20,21).td. All rights reserved.
Fig. 1. (a) Manual segmentation of the menisci in a 3D weDESS MR image acquired in the sagittal plane (patient 9,056,363, female, age 57, height 168.5 cm, body mass index (BMI)
31.8 kg/m2, rOA grade III). (left) Coronal view, MM ¼ medial meniscus, LM ¼ lateral meniscus, FM ¼ femur, T ¼ tibia, C ¼ cartilage, F ¼ fat. (Right) Axial view, AH ¼ anterior horn,
PH ¼ posterior horn. (b) A 3D sagittal weDESS MR image of healthy menisci demonstrating high tissue intensity homogeneity and clear demarcation between the surrounding
cartilage and fat tissues in (left) coronal and (right) axial views (patient 9,323,403, male, age 51, height 161.8 cm, BMI 27.4, rOA grade 0). (c) The menisci in a patient with moderate/
severe rOA of the knee joint demonstrating “lesions” in the menisci in (left) coronal and (right) axial views (patient 9,800,677, male, age 65, 184.7 cm, BMI 31.1 kg/m2, rOA grade III).
A. Paproki et al. / Osteoarthritis and Cartilage 22 (2014) 1259e12701260Manual segmentation of the menisci from 3D MR images is a
time- and expertise-intensive process (35 min reported for seg-
mentation of a single coronal water-excited double-echo steady-
state (weDESS) MR9). Speciﬁcally, it requires numerous subjective
interpretations for separating adjacent structures with comparable
signal contrasts which predispose to low intra-rater reproducibility
and high inter-rater variability12. A desirable direction is the
automation of the MR segmentation and analysis.
Several semi-automatic methods for the 3D segmentation of the
menisci have been developed to reduce both analysis time and raterbiases19,20. However these still require expert training and varying
levels of manual intervention. In terms of fully automated seg-
mentation approaches22e25, good accuracy, as measured with the
Dice similarity index (DSI)26, has been achieved for the MM
(75 ± 10%) and LM volumes (77 ± 10%)24 and a total meniscal
volume (81 ± 3%)25 although these methods were only validated on
healthy menisci.
To the best of our knowledge, results and validation of fully
automatic segmentations of the menisci from MR images of in-
dividuals with knee rOA have not been published. There are
A. Paproki et al. / Osteoarthritis and Cartilage 22 (2014) 1259e1270 1261substantial technical challenges for automated segmentation of the
menisci with pathological damage or degeneration which give rise
to a spectrum of structural and biochemical tissue changes which,
as illustrated in Fig. 1, are variably associated with increases in
signal heterogeneity and shape variability1,14e18. Consequently,
segmentation approaches that assume homogeneous signal in-
tensity in the menisci are not well suited for morphometric ana-
lyses of the menisci in knees with rOA19,20, and although methods
that combined shape- and image-priors provided promising
leads24,25, only preliminary results on the automatic segmentation
of healthy meniscus have been reported in relatively small pop-
ulations (N < 14).
The objectives of this study were to (1) develop a fully-
automatic method for the segmentation and quantitative analysis
of the individual MM and LM from MR images of the knee, (2)
quantitatively evaluate the accuracy of the automatic segmentation
and estimations of derived parameters such as volume, subluxation
and tibial coverage and (3) to explore the sensitivity of the method
in the detection of meaningful changes in meniscus parameters
across individuals with various rOA grades, mJSN, lJSN and pain.Material and method
Patient and MR image datasets
The MR images used in this study were obtained from the
Osteoarthritis Initiative (OAI) database, which is available for public
access at http://www.oai.ucsf.edu. Three Datasets (A), (B) and (C) of
sagittal 3D weDESS MR images of the knee featuring a high spatial-
resolution (0.37  0.37 mm matrix, 0.7 mm slice thickness) and
signal-to-noise ratio well-suited for accurate morphological ana-
lyses of the meniscus, were selected from the OAI image release
0.E.1, 1.E.1, 3.E.1 and 5.E.1. Imaging protocol and knee positioning
were standardized across all subjects27. Dataset (A) consisted of MR
examinations of knee pathology from 88 patients selected from the
OAI baseline and 12-month image releases. The MM and LM were
manually segmented in all the MR examinations of Dataset (A) and
kindly provided by Imorphics (Manchester, UK). The manual seg-
mentations were performed by a single operator trained by a
musculoskeletal radiologist (Charles Hutchinson) and an expert
segmenter (Mike Bowes) and had passed the Imorphics cartilage
segmentation training protocol, requiring an intra-observer coef-
ﬁcient of variation lower than 3% on paired test images. The seg-
mentations were reviewed by the expert segmenter. These manual
segmentations, which were performed blind to the present study,
were used to train and validate our automated segmentation al-
gorithm. Datasets (B) and (C) consisted of 22 and 129 subjects (left
and right knees) selected from the OAI Progression (deﬁnite rOA)
and Incidence (asymptomatic with increased risk of developing OA)
cohorts at baseline, 12, 24 and 36 months. Automated segmenta-
tions of the baseline MR images from Datasets (B) and (C) were
undertaken for visual assessments of the performance of the seg-
mentation method (results provided) and exploratory data ana-
lyses on meniscal volume, subluxation and tibial coverage in a
larger cohort with a wider spectrum of healthy and pathological
meniscal morphologies. Additional results of automated analyses of
the menisci in the longitudinal Datasets (B) and (C) are reported as
Supplementary material. Relevant demographics and clinical data
are provided in Table I.Automatic menisci segmentation
The proposed automatic MR image segmentation method is
based on a 3D active shape model (ASM) scheme29 which involvesdeforming statistical shapemodels (SSMs) of theMM and LM in the
MR image based on a template matching procedure30,31.
A 3D SSM mathematically describes the direction and the
magnitude of shape variability of a training-set of triangulated
surfaces29. These models are characterised by a mean-shape which
changes in a plausible manner (anatomically credible) based on a
set of shape-parameters (illustrated in Supplementary Fig. S1a). In
ASM-ﬁtting schemes, SSMs are frequently used to restrain the
deformation from converging towards unlikely shapes deviating
excessively from typical shapes of the training-set. In this work,
three separate SSMs ((1). combined menisci, (2). individual MM
and (3). individual LM) were trained based on the manual seg-
mentations of Dataset (A) at baseline. These SSMs were deformed
in the MR images using image-feature models30,31, which
comprised one-dimensional (1D) template intensity proﬁles typi-
cally surrounding the menisci in the training-set (illustrated in
Supplementary Fig. S1b). The ASM utilised these image-feature
models in order to ﬁnd the intensity proﬁles most similar to that
of the template proﬁles in the new image to segment. Technical
background regarding the generation of the models is provided in
‘Supplementary Data A’.
The segmentation pipeline, detailed below and in Fig. 2(a),
involved four steps: (1) image preprocessing, (2) ASM initialisation,
(3) ASM-ﬁtting and (4) post-processing. The method was imple-
mented in Cþþ based on the Insight32 and Visualisation Toolkits33
(implementation details are provided in ‘Supplementary Table S1’).
I. MR image preprocessing
In this ﬁrst stage, the MR image to segment e denoted I e was
normalised to a ﬁxed intensity range (0 ± 200) using linear
rescaling and preprocessed using a median smoothing algorithm
(radius 1  1  1) in order to reduce the image noise and increase
signal homogeneity within structures.
II. Afﬁne initialisation
In the initialisation stage, an average menisci surface e denoted
SI e was aligned to a likely meniscus region of I based on the
registration of an average knee image to I. Underlying methods
utilised to generate the average knee image andmenisci surface are
described in ‘Supplementary Data A’. The average knee image was
ﬁrst registered to I using an afﬁne registration algorithm34, and the
obtained transformation was propagated to the average surface,
resulting in a surface SI approximately aligned with the meniscus
region in I. To reﬁne the initialisation, the meniscus region was
extracted from both the average knee image and I (2mm around SI),
and the registration process was repeatedwith the cropped images.
For an individual with scans at multiple time-points, the MR
images were ﬁrst co-registered and averaged into a subject-speciﬁc
mean image using groupwise registration35, and the mean-image
obtained was used for the initialisation of all the time-points.
The initial pose and shape parameters of the ASM were then
estimated from this obtained surface. An example of an initial
segmentation obtained after this stage (by voxelising SI into seg-
mentation masks) is provided in Fig. 2(a)(II).
III. ASM ﬁtting
The SSMs were then deformed towards the most likely shape
and position in I based on the template proﬁle matching process
illustrated in Fig. 2(a) (shaded area) and described in detail else-
where30,31. Summarising, for a given point k of SI, a grey level proﬁle
PI,k longer than that of the image-feature model is extracted along
the surface normal (positive and negative direction) and compared
Table I
Demographic data of subjects analysed from the three datasets used in the present study. Readings for the rOA grades and JSN were based on site readings performed by a
certiﬁed radiologist. rOA grades (near Kellgren/Lawrence grade28) at baseline are deﬁned such that 0 ¼ normal knee, 1 ¼ not conﬁrmed rOA, 2 ¼ deﬁnite-mild rOA,
3¼moderate rOA, 4¼ severe rOA. mJSN and lJSN are deﬁned such that a grade of 0¼ no-JSN (equivalent to Osteoarthritis Research Society International (OARSI) JSN grades 0),
1 ¼ mild-JSN (equivalent to OARSI grades IeII) and 2 ¼ severe-JSN (equivalent to OARSI grades III). The pain score is deﬁned as the WOMAC
A B C
Male Female Male Female Male Female
N 45 43 12 10 43 86
Age (yrs) 62.02 ± 10.89 60.42 ± 8.982 56.58 ± 9.29 60.44 ± 9.68 56.47 ± 9.03 57.81 ± 8.6
Height (cm) 176.7 ± 6.39 163.1 ± 5.80 178.3 ± 5.68 164.6 ± 7.56 176.9 ± 5.85 162.2 ± 6.46
Mass (kg) 96.31 ± 14.76 83.67 ± 14.87 94.54 ± 18.04 78.14 ± 16.36 86.24 ± 14.27 75.24 ± 14.46
Body mass index (BMI kg/m2) 30.51 ± 3.87 31.65 ± 5.26 29.64 ± 4.97 28.68 ± 4.98 27.55 ± 4.22 28.59 ± 5.27
Pain score ([0,20]) 5.07 ± 3.85 5.84 ± 4.27 1.75 ± 2.34 2.67 ± 3.12 3.95 ± 4.32 4.57 ± 4.37
Time-points 2 4* 4*
Left and right No Yes Yesy
# Knees baseline 88 42 127
# Total knees 176 158 758
rOA grade (0;1;2;3;4) (0, 0, 15, 56, 17) (0, 9, 17, 14, 2) (203, 33, 10, 7, 1)
mJSN score (0;1;2) (16, 55, 17) (30, 10, 2) (240, 12, 2)
lJSN score (0;1;2) (74, 14, 0) (26, 16, 0) (251, 3, 0)
* 30 and 104 patient knees were available at four time-points in (B) and (C), other patient were missing time-points.
y Except for three cases.
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Fig. 2(b), the template proﬁles Pi,k are translated along the case
proﬁle PI,k and the normalised-cross-correlation g2[0,1]30,31 is
computed at each position. The translation offset of the proﬁle Pi,k
which maximises g is then used to translate the point k of SI along
its normal, thus deforming the surface. Once all the points of SI have
been translated, the deformed surface is restrained to a bounded
space representative of typical menisci shapes by either con-
straining the shape-parameters of the SSM or smoothing the sur-
face. The process is then iterated until the maximum number of
iteration is reached (Supplementary Table S1).
Optimizing the ASM-ﬁtting process for the segmentation of the
menisci involved three parts. A combined SSM encoding the poseFig. 2. (a) Segmentation method ﬂow diagram (axial view illustration; case 9,056,363, rOA
initialisation, combined menisci ASM pose estimation, constrained MM and LM ASM ﬁtting
occurs in 3D. (b) Grey level proﬁle matching. For a surface point k and associated proﬁle PI,k
than that of the image-feature-model), the template proﬁles Pi,k of length 2L þ 1 are trans
maximising g describe the displacement of the point k along its normal. The green line at t
MM with over-segmentation (green arrow) and a tear (blue arrow) visualised in the axial
estimation within the MM (darker shades of blue denote a lower probability of meniscal tis
the MM following dilation and erosion, which allowed closure of the defect associated witvariability was deformed in I to reﬁne the initial pose of the
menisci. This step was performed using a two level Gaussian
image-pyramid scheme to avoid converging towards local minima.
In a second pass, individual SSMs of the MM and LM describing the
local shape variability were separately deformed in I to obtain likely
morphologies. SSMswere used to constrain the deformation during
the two ﬁrst stages of the ﬁtting process29.
To account for the shape variability not described by the SSMs
and allow the ASMs to deform towards shapes slightly different
than that of the training-set, a third pass deformed separate MM
and LM ASMs in I without SSM constraints. Finally, smoothing was
applied to remove noise from the deformed surface and the surface
was voxelised to create the initial segmentation masks.grade III) demonstrating processing of the MM (orange) and LM (green) after afﬁne
, MM and LM relaxation and tissue classiﬁcation. Although shown in 2D, segmentation
of length 2rL þ 1 (with r ¼ 1.5 a padding ratio allowing the extraction of proﬁles larger
lated along PI,k and g30,31 is computed for each position. The proﬁle and displacement
he centre of each proﬁle represents the menisci surface. (c) Post-processing stage for a
view. (1) Segmentation of the MM following ASM-ﬁtting stage. (2) Tissue probability
sue). (3) Tissue classiﬁcation based on probability estimation. (4) Final segmentation of
h the high signal intensity of the tear.
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To correct any small over-segmentation, a post processing
classiﬁcation method was applied to the menisci masks. As shown
in Fig. 2(c), the tissue intensity properties of the MM and LM were
estimated by a Gaussian distribution (mean m, variance s2), and
each voxel was assigned a probability of being meniscal tissue
based upon its distance to m. Since the intensity of meniscal tissues
is expected to be lower than that of the surrounding articular car-
tilages in the weDESS MR images, voxels featuring intensities lower
than m þ swere classiﬁed as meniscal tissue and other voxels were
discarded. To account for inherent signal intensity heterogeneity
and tears within the menisci, potentially excluded from the
meniscal tissue due to high signal intensity, “defects” in the internal
portions of the image mask were marked as unclassiﬁed outliers
and treated as meniscal tissue for quantitative analyses.
Quantitative analysis
Based upon the segmentations and 3D reconstructions, the
menisci were automatically analysed for volume, tibial coverage
and subluxation parameters, which are often altered in individuals
with knee rOA7e11,13e15. The volumes were computed by numerical
integration of image-voxels belonging to the segmented menisci.
Themenisci subluxation and tibial-coverage parameters, illustrated
in Fig. 3(a), (b), required the identiﬁcation of the tibial bone and
plateau (boneecartilage interface), which were automatically ob-
tained in each MR image following the method described by Fripp
et al.36. The MM and LM coverage areas were calculated as the
percentage of the medial and lateral tibial plateau surfaces (Fig. 3,
yellow) covered by the individual menisci (Fig. 3, orange)8,14. The
subluxation parameter was computed as the maximum distance
between the external margin of the meniscus and that of the tibial
plateau (Fig. 3(b) green and red curves) when the meniscus posi-
tion was ‘external’ relative to the tibial plateau, otherwise the
minimum distance (signed negatively) was used8,14.
Validation strategy
The automated segmentation algorithm was applied to all 88
MR images of Dataset (A) with manual segmentations at baseline
(V00) and 12 month (V01) time-points and quantitatively validated
using a leave-one-out strategy (each case currently segmented was
omitted from the training stage). The automatic and manual
menisci segmentations were compared using the sensitivity,Fig. 3. Schematic representation of the computation of the tibial-coverage and subluxatio
surfaces) tibial coverage areas (orange MM.Cov, LM.Cov) on the medial and lateral tibial p
The red (text) and green (mext) points are the outermost points of the tibial plateau (MM.TA)
two points deﬁnes the subluxation parameter (blue arrow).speciﬁcity, DSI26 and mean absolute surface distance37 (MASD)
values as per Eq. (1):
Sensitivity ¼ TP=ðTPþ FNÞ*100
Specificity ¼ TN=ðTNþ FPÞ*100
DSI ¼ 2*jA∩Mj=ðjAj þ jMjÞ*100
MASD ¼ ðDðA;MÞ þ DðM;AÞÞ=2Þ
(1)
in which TP, TN, FP, FN are the number of true positives, true neg-
atives, false positives and false negatives, and A and M are the
automatic and manual segmentation masks respectively. The
sensitivity, speciﬁcity, DSI and MASD quantiﬁed the percentage of
true positives, true negatives, the spatial overlap and the average
forward and backward Euclidean distances (D(x,y)) between auto-
matic and manual segmentations37. For both the MM and LM, dif-
ferences in DSI values were examined using Wilcoxon rank-sum
tests across rOA grades and Wilcoxon signed-rank tests between
time-points (signiﬁcance-level: 0.05). Non-parametric tests were
used due to a negative skew in the DSI distributions.
Associations between meniscal parameters estimated from the
automatic and manual segmentation data were investigated using
the Pearson productemoment correlation coefﬁcient38, the intra-
class correlation coefﬁcient (ICC e two-way random single mea-
sure)39 and BlandeAltman analyses40. Coefﬁcients above 0.75 were
interpreted as good, while coefﬁcients between 0.5 and <0.75 were
interpreted as moderate. To account for outliers and the negative
skew of the DSI distributions, the correlation analyses were per-
formed on Dataset (A) trimmed by 5% of the DSI extrema.
Using the baseline imaging data pooled over all datasets,
meniscal volume, subluxation and tibial coverage were compared
for differences (1) between rOA groups (such that no (conﬁrmed)-
rOA ¼ grade 0 or I, mild-rOA ¼ grade II and advanced-rOA ¼ grade
IIIeIV), (2) between mJSN and lJSN groups (grades 0, I and II) and
(3) between pain-score groups Western Ontario and McMaster
Universities Arthritis Index (WOMAC ¼ 0, 0 < WOMAC  10 and
10 < WOMAC  20) using Wilcoxon rank-sum tests adjusted for
false discovery rate41 (signiﬁcance-level: 0.05).
All statistical analyses were performed using ‘R 3.0’.Results
Segmentation validation
There was good spatial overlap between the manual and auto-
mated segmentations of the MM (median (95% conﬁdence-intervaln parameters. (a) A 3D rendering of the MM and LM (displayed as semi-transparent
lateau (yellow MM.TA and LM.TA). (b) Computation of the subluxation for the MM.
and the MM which, in this case, maximise the subluxation. The distance between these
A. Paproki et al. / Osteoarthritis and Cartilage 22 (2014) 1259e12701264(CI) DSIV00 ¼ 78.3% (75.0e78.7), DSIV01 ¼ 75.3% (72.8e76.9)) and
LM volumes (DSIV00 ¼ 83.9% (82.1e83.9), DSIV01 ¼ 83.0%
(81.6e83.5)) at both time points (Table II). For each meniscus, there
were no signiﬁcant differences in DSI values across the rOA grades
(P > 0.05 for all Wilcoxon rank-sum tests) and between V00 and
V01 (Wilcoxon signed-rank tests P > 0.05). Segmentations for the
MM and LM in representative cases corresponding to the inter-
quartile mean, maximum and minimum DSI are provided in
Fig. 4(a), (b) to visualise the typically good spatial overlap between
the automatic and manual approaches. Severe damage to either or
both of the menisci, as shown for the MM in Fig. 4(c), resulted in
segmentation difﬁculties and low DSI values (60%) in a small
number of cases (15/176z 8.5% for MM and 3/176z 1.7% for LM).
There were strong or moderate correlations (Fig. 5) between the
manual and automated meniscal parameters at both V00 and V01
for the MM (rV00 ¼ 0.80, ICCV00 ¼ 0.80; rV01 ¼ 0.78, ICCV01 ¼ 0.78)
and LM (rV00 ¼ 0.91, ICCV00 ¼ 0.90; rV01 ¼ 0.89, ICCV01 ¼ 0.88)
volume, the MM (rV00 ¼ 0.83, ICCV00 ¼ 0.83; rV01 ¼ 0.70,
ICCV01 ¼ 0.69) and LM (rV00 ¼ 0.92, ICCV00 ¼ 0.91; rV01 ¼ 0.89,
ICCV01 ¼ 0.89) subluxation and the MM (rV00 ¼ 0.82, ICCV00 ¼ 0.81;
rV01 ¼ 0.81, ICCV01 ¼ 0.79) and LM (rV00 ¼ 0.83, ICCV00 ¼ 0.82;
rV01¼0.71, ICCV01¼0.70) tibial coverage. Comparisons between the
manual and automated volume data using BlandeAltman plots
showed for both the MM and LM an even distribution of the dif-
ferences between methods across the range of meniscal measures
(no apparent funnelling effects) with a bias of (4.45%, 6.46%),
(0.525 mm, 0.266 mm) and (1.98%, 1.64%) for the (MM, LM)
volume, subluxation and tibial coverage, respectively. Automatic
segmentation and quantitative analysis results obtained for
each patient of Datasets (A), (B) and (C) can be publicly accessed
online at https://milxview.csiro.au/public/xplorer_studies/Public42.Table II
Evaluation of the accuracy (median (MD), 95% CI) of the automated segmentation algo
classiﬁcation (ﬁnal) stages for the MM and LM volumes at V00 and V01. Final segmentat
Sensitivity (%) Speciﬁcity (%)
MD 95% CI MD 95% CI
V00
MM (V00)
Afﬁne 51.1 49.1e52.8 99.97 99.97e99.97
ASM-ﬁtting 77.8 75.5e79.3 99.97 99.97e99.98
Final (overall) 77.1 74.7e78.4 99.98 99.97e99.98
- OA grade II 72.5 63.9e78.1 99.99 99.98e100.00
- OA grade III 78.0 75.8e79.5 99.98 99.97e99.98
- OA grade IV 78.3 68.6e81.3 99.97 99.96e99.98
LM (V00)
Afﬁne 51.0 50.4e55.4 99.97 99.97e99.97
ASM-ﬁtting 81.2 79.5e81.9 99.99 99.98e99.99
Final (overall) 79.0 77.7e80.1 99.99 99.99e99.99
- OA grade II 75.5 71.9e78.9 99.99 99.99e99.99
- OA grade III 79.6 78.4e80.9 99.99 99.99e99.99
- OA grade IV 81.1 73.1e83.1 99.99 99.98e99.99
V01
MM (V01)
Afﬁne 47.3 46.9e50.9 99.97 99.96e99.97
ASM-ﬁtting 78.0 76.0e79.2 99.97 99.96e99.97
Final (overall) 77.1 75.2e78.4 99.98 99.97e99.98
- OA grade II 75.7 68.8e78.6 99.99 99.97e99.99
- OA grade III 77.4 75.2e79.5 99.97 99.96e99.97
- OA grade IV 78.5 71.9e79.8 99.97 99.96e99.98
LM (V01)
Afﬁne 49.2 48.0e51.6 99.97 99.96e99.97
ASM-ﬁtting 81.3 79.1e81.6 99.99 99.98e99.99
Final (overall) 78.9 77.4e79.9 99.99 99.99e99.99
- OA grade II 75.3 70.3e79.3 99.99 99.99e99.99
- OA grade III 80.4 78.1e80.9 99.99 99.98e99.99
- OA grade IV 78.8 72.3e81.3 99.99 99.98e99.99
* P-values and effect-size given in italics are the results of the Wilcoxon sum-rank te
Underlined values given at time-point V01 correspond to the Wilcoxon signed-rank testObservations across automated segmentations of both the MM and
LM of Datasets (B) and (C) were visually comparable to those ob-
tained and evaluated for (A), indicating an overall robustness of the
method.
Quantitative analysis
As reported in Table III, in rOA and mJSN knees, the MM had
signiﬁcantly more subluxation and less tibial coverage than no-
rOA/no-mJSN knees. So did the MM of advanced-rOA knees
compared to mild-rOA knees. mJSN and advanced-rOA knees also
had signiﬁcantly greater MM volume than no-mJSN and no-rOA
knees respectively. The subluxation of the MM was signiﬁcantly
greater in knees with advanced-rOA compared to mild-rOA knees.
For the LM, knees with rOA had signiﬁcantly greater meniscal
volume and tibial-coverage than no-rOA/no-lJSN knees. The vol-
ume of the LM was also greater in knees with lJSN.
No signiﬁcant differences were noted between different groups
of pain score in any of the meniscal parameters.
Automated segmentations of the MM and LM were also per-
formed to obtain volume, subluxation and tibial coveragemeasures
at baseline, 12, 24 and 36 months follow-up for the OAI Progression
and Incidence datasets. At this stage descriptive data, as reported in
Supplementary Table S2, have been generated with additional data
input such as rOA grade and compartmental joint space narrowing
(JSN) progression required for downstream analyses and validation.
Computational time
All the experiments were performed on a dual 6-core Intel Xeon
Westmere X5670 (2.93 GHz) workstation. Using our fully-rithm for the MM and LM volumes after the afﬁne initialisation, ASM-ﬁtting and
ion results are reported for the overall population (bold font) and per OA grade
DSI (%) MASD (MM) (P, r)*
MD 95% CI MD 95% CI
58.5 54.8e58.7 0.92 0.90e1.00
77.6 74.0e77.9 0.51 0.49e0.61
78.3 75.0e78.7 0.49 0.46e0.58
79.2 73.6e81.7 0.41 0.34e0.69
78.7 74.4e79.2 0.5 0.46e0.61 P ¼ 0.72, r ¼ 0.04
76.9 69.5e79.3 0.51 0.46e0.70 P ¼ 0.25, r ¼ 0.21
58.9 56.2e60.7 0.86 0.82e0.94
83.1 81.6e83.5 0.33 0.33e0.39
83.9 82.1e83.9 0.33 0.32e0.38
82.2 79.5e84.7 0.32 0.29e0.41
84.0 82.4e84.3 0.32 0.31e0.38 P ¼ 0.49, r ¼ 0.08
84.1 78.1e85.2 0.35 0.29e0.73 P ¼ 0.88, r ¼ 0.03
54.5 52.2e56.3 0.97 0.95e1.06
74.2 71.6e75.8 0.58 0.55e0.67
75.3 72.8e76.9 0.54 0.52e0.64 P ¼ 0.07, r ¼ 0.14
81.5 71.3e83.3 0.38 0.33e0.71
75.1 71.6e76.6 0.58 0.53e0.69 P ¼ 0.07, r ¼ 0.21
74.8 68.9e78.6 0.54 0.47e0.72 P ¼ 0.13, r ¼ 0.27
55.6 53.5e57.0 0.94 0.90e0.99
82.8 80.9e83.0 0.34 0.35e0.41
83.0 81.6e83.5 0.33 0.33e0.40 P ¼ 0.18, r ¼ 0.10
82.4 79.1e84.8 0.33 0.30e0.47
83.0 81.6e83.8 0.32 0.32e0.40 P ¼ 0.79, r ¼ 0.02
83.2 74.6e84.7 0.36 0.31e0.72 P ¼ 0.94, r ¼ 0.02
sts between the DSI values of OA grade II vs the DSI values of OA grade III and IV.
results between the DSI values obtained at V00 and V01.
Fig. 4. Qualitative assessment between manual (green overlay) and automatic (blue overlay) meniscal segmentations viewed as per right knee. (left) three axial slices focused on
the MM, (middle) manual segmentation, (right) automatic segmentation. In (a), from top to bottom, MM segmentation in cases situated at the interquartile mean (Case 9,651,690,
DSI ¼ 77.6%, rOA grade III), interquartile minimum (Case 9,602,703, DSI ¼ 71.6%, rOA grade III), and interquartile maximum (Case 9,954,040, DSI ¼ 81.9%, rOA grade III). Similarly, in
(b), from top to bottom, LM segmentation in cases situated at the interquartile mean (Case 9,382,271, DSI¼ 83.4%, rOA grade II), interquartile minimum (Case 9,368,622, DSI ¼ 80.6%,
rOA grade IV), and interquartile maximum (Case 9,698,705, DSI ¼ 85.8%, rOA grade III). (c) is an illustration of segmentation failure caused by severe truncation of the MM (Case
9,311,328, DSI ¼ 37.0%, rOA grade III).
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processing unit time required to segment the MM and LM from an
individual MR examination was 27.2 ± 1.8 min (min ¼ 24.3,
max ¼ 32.3), and the time required to perform the quantitative
analysis was 2.4 ± 0.2 min (min ¼ 2.1, max ¼ 3.4) min.
Discussion
This study is the ﬁrst to successfully provide automatic seg-
mentation and quantitative analysis of both the MM and LM from
MR images of individuals with knee rOA. Leave-one-outexperiments showed good spatial agreement between the manual
and automated segmentations of the individual MM and LM, with
overall median DSI values of 77.1% and 83.5% in analyses of kneeMR
examinations for individuals presenting a large spectrum of JSN,
sclerotic bone and osteophytes (rOA grades IIeIV). For both theMM
and LM in individuals with knee rOA, our scheme may provide a
good alternative to the semi-automatic method of Swanson et al.20
which performed direct segmentations of T2-Maps (more chal-
lenging to segment) and achieved a DSI of 69%. In terms of DSIs, our
approach compared favourably to previous automated segmenta-
tion approaches of these structures in healthy states24 and although
Fig. 5. (a), (b) and (c) present the correlation and BlandeAtlman analyses performed for the MM (left, green) and LM (right, blue) volume, subluxation and tibial coverage pa-
rameters. The scatter-plots present the automatic segmentation parameters against the manual segmentation parameters, and the BlandeAltman analyses present the relative (for
volume and tibial coverage) or absolute (for the subluxation) difference between automatic segmentation parameters and the manual segmentation parameters. The absolute error
(expressed in mm) is used for the subluxation due to the presence of zero valued parameters.
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performs our current results, a direct comparison is difﬁcult since
the segmentation of individual menisci was not reported.
The automatic estimation of quantitative parameters was suf-
ﬁciently accurate (0.70<r<0.92) to discern meaningful cross-
sectional differences in the volume, tibial-coverage and subluxa-
tion of the meniscus between groups with variable rOA character-
istics. In particular, the MM showed overall greater subluxation and
smaller tibial-coverage area in individuals with rOA and mJSN,
concurrent with recent ﬁndings8,13e15. The LM showed a greater
median volume in knees with rOA and mJSN. The tibial coverage of
the LM was found signiﬁcantly greater in knees with rOA (4.4%
relative difference, which corroborate results from a recent study
although this difference was not reported signiﬁcant15), but was
not signiﬁcantly different between knees with and without lJSN.
The good DSI values and successful identiﬁcation of signiﬁcant
differences between groups, particularly in relation to the meniscal
subluxation and tibial-coverage (e.g., 0.43 mm and 2.0% absolute
difference detected in subluxation and tibial-coverage of the MM
between rOA and no-rOA knees) which have been associated with
cartilage loss3,8, suggest that the present method would be suitable
to efﬁciently analyse and monitor the evolution of meniscus
morphological characteristics with OA development in largepopulations. The automatic method also provides opportunities for
investigations into the biochemical changes of the meniscus with
OA, requiring accurate co-registration schemes (e.g., Xue et al.43) to
align the high-resolution MR image with the biochemical MR
sequence (e.g., T1r, T2, delayed gadolinium-enhanced magnetic
resonance imaging of cartilage (dGEMERIC) MR). However, as with
all automated methods, quality control procedures are required to
detect the small number of segmentation failures. Our initial
experience found web applications42 (e.g., https://milxview.csiro.
au/public/xplorer_studies/Public) to be efﬁcient to perform this
task, although further investigations are required to ensure their
effectiveness.
The primary advantages of our method are: (1) it does not
require any manual MR image processing, (2) it provides good
segmentation of the MM and LM as separate labels, (3) it performs
well on knees with rOA and visual inspections showed equivalent
performance in healthy knees, (4) it readily segments torn menisci
and ﬁnally (5) it does not require prior identiﬁcation of the bones or
articular cartilages within the knee.
There are some limitations with the present research. First, the
method was only evaluated onweDESS MR images acquired as part
of the OAI. Further validation is required to assess the applicability
of the method on clinically focused sequences such as
Table III
Median values (MD), interquartile range (IQR), signiﬁcance values and effect-sizes for MM and LM volume, subluxation, and tibial-coverage comparisons between knees with
no-rOA, mild-rOA, and advanced-rOA, between knees with no-JSN, mild-JSN and severe-JSN and between three groups of patients with increasing WOMAC scores ([0], [0; 10]
and [10; 20]). For the LM, only knees with no-JSN or mild-JSNwere available. MM.Vol and LM.Vol are expressed inmm3, MM.Sub and LM.Sub are expressed inmm andMM.Cov
and LM.Cov are pressed in %
Radiographic OA
No-rOA Mild-rOA Advanced-rOA P-value; effect-size
MD IQR MD IQR MD IQR No-rOA vs mild-rOA No-rOA vs advanced-rOA Mild-rOA vs advanced-rOA
MM.Vol 1949 1465e2406 2100 1484e2678 2350 1873e2857 0.126; 0.09 <0.001; 0.27 0.091; 0.16
LM.Vol 1631 1386e2016 2331 1599e2854 2243 1730e2746 <0.001; 0.28 <0.001; 0.40 0.814; 0.02
MM.Sub 2.31 1.31e3.38 2.74 2.10e3.94 4.59 3.56e5.50 0.013; 0.15 <0.001; 0.54 <0.001; 0.47
LM.Sub 0.17 0.14e0.94 0.57 0.00e1.58 0.60 0.00e1.31 0.097; 0.11 0.078; 0.12 0.902; 0.01
MM.Cov 45.2 42.0e48.7 42.8 39.2e46.3 38.1 35.0e43.5 0.016; 0.14 <0.001; 0.43 0.001; 0.29
LM.Cov 42.9 39.5e45.7 44.8 42.1e48.1 44.9 42.2e48.2 0.014; 0.15 <0.001; 0.20 0.865; 0.015
mJSN and lJSN
No-JSN Mild-JSN Severe-JSN P-value; r-value
MD IQR MD IQR MD IQR No-JSN vs mild-JSN No-JSN vs severe-JSN Mild-JSN vs severe-JSN
MM.Vol 1958 1472e2419 2295 1873e2825 2675 1934e3093 <0.001; 0.22 0.001; 0.19 0.290; 0.11
LM.Vol 1751 1449e2243 2629 1723e2887 e e <0.001; 0.22 e e
MM.Sub 2.35 1.46e3.42 4.41 3.31e5.51 4.87 4.25e5.43 <0.001; 0.44 <0.001; 0.37 0.098; 0.17
LM.Sub 0.25 0.11e1.02 0.86 0.00e1.44 e e 0.053; 0.10 e e
MM.Cov 44.5 41.3e48.3 39.3 36.5e44.8 35.3 29.8e41.1 <0.001; 0.31 <0.001; 0.29 0.013; 0.25
LM.Cov 43.6 40.1e46.4 45.5 40.3e48.8 e e 0.078; 0.09 e e
WOMAC score
0 (n ¼ 77) [0;10] (n ¼ 273) [10;20] (n ¼ 34) P-value; r-value
MD IQR MD IQR MD IQR 0 vs [0;10] 0 vs [10;20] [0;10] vs [10;20]
MM.Vol 2017 1560e2439 2039 1502e2585 2120 1550e2543 0.822; 0.03 0.822; 0.05 0.822; 0.01
LM.Vol 1810 1524e2260 1752 1447e2357 1975 1462e2273 0.887; 0.03 0.887; 0.01 0.887; 0.03
MM.Sub 2.72 1.52e3.93 2.77 1.70e4.24 3.00 2.02e4.31 0.256; 0.07 0.256; 0.13 0.551; 0.03
LM.Sub 0.42 0.00e1.06 0.19 0.12e1.01 0.70 0.082e1.84 0.173; 0.09 0.476; 0.07 0.173; 0.09
MM.Cov 44.8 41.5e48.2 43.4 38.7e47.8 43.4 41.2e46.6 0.106; 0.11 0.476; 0.10 0.626; 0.03
LM.Cov 43.9 41.3e46.6 43.5 39.9e46.4 44.0 39.5e46.8 0.501; 0.07 0.875; 0.02 0.761; 0.04
No-rOA¼ rOA grade 0 or 1, mild-rOA¼ grade II, advanced-rOA¼ grade IIIeIV; MM and LM parameters were tested against mJSN and lJSN respectively, with grade 0¼ no-JSN,
1 ¼mild-JSN, 2 ¼ severe-JSN. Differences between groups were tested using Wilcoxon rank-sum tests, with a signiﬁcance level P ¼ 0.05. P-values were adjusted for multiple
comparisons using false discovery rate41.
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(FSE) and 3D-FSE.
Regarding the performance of the method on the OAI weDESS
MR images, another possible limitation of the method was the
decrease in DSI values with rOA severity (for MM) and between
time-points (Table II). The primary reason for these differences
relates to the increase in meniscus shape complexity and MR
signal heterogeneity associated with disease progression, which
blurred the boundaries with articular-cartilages and weakened the
features driving the ASM. These differences were not signiﬁcant
(Table II: P > 0.05 for all comparisons), suggesting that the method
maintained reliable segmentations in the majority of the cases.
Training the models of the segmentation algorithm using V01
yielded equivalent results, with a non-signiﬁcant decrease in DSI
values between time-points (Wilcoxon signed-rank test MM:
P ¼ 0.11, r ¼ 0.12; LM: 0.53, r ¼ 0.05), which reduced the likelihood
that this difference was induced by a strong time-point or training
bias. In comparison with the segmentation of the LM, analyses of
the anatomically more mobile MM presented greater challenges
and a lower median DSI value was obtained. The primary cause of
this was the greater variability of shapes and MR tissue-contrasts
encountered in the MR images for this structure as a result of a
more substantial expression of structural and biochemical alter-
ations with OA. A median DSI of 77% (overall) still compares
favourably with existing analyses of this structure in healthy
states24, highlighting the potential of the current segmentation
approach for automated analyses of pathological menisci. The tip
of the horns and the peripheral margins mid-way along the MMand LM were the areas that segmented least accurately (Fig. 6).
These results stem from the unclear demarcations between the
meniscal horns and ligaments and between the peripheral edges
of the meniscus and fat (Fig. 1). From the high speciﬁcity and
comparatively low sensitivity reported in Table II, we concluded
that under-segmentation was the most common segmentation
error obtained.
Several cases such as theMM shown in Fig. 4(c) exhibited severe
tissue destruction and our automated method failed in this speciﬁc
instance of very advanced tissue loss. Our experience showed that
these failed segmentations could be easily detected from the web
applications previously mentioned, and with a failure rate
(DSI  60%) of 8.5% for MM and 1.7% for LM, we consider the
method suitable for analyses of the menisci in a framework of early
OA assessment.
In conclusion, our automated scheme is well suited to efﬁciently
process and analyse large prospective MR cohorts, thereby pre-
senting opportunities to facilitate epidemiological and interven-
tional studies into morphological changes of the meniscus. The
proposed method provides good accuracy for segmentation of the
MM and LM meniscus from weDESS MR images from individuals
with variably severe knee rOA (overall median DSI of 77.1% for MM
and 83.5% for LM). Subsequent quantitative analyses obtained
Pearson correlations ranging from 0.70 to 0.92 between manual
and automatic volume, subluxation and tibial-coverage of the
meniscus. Cross-sectional comparisons of the MM and LM param-
eters from various rOA and compartmental JSN groups provided
results that corroborated previous manual ﬁndings.
Fig. 6. Mapping of the median Hausdorff Distance (maximum forward/backward distance between automatic and manual surface)37 between deformed ASM surfaces and the
manual segmentations onto the menisci mean shape at V00 (top) and V01 (bottom) (all subjects from Dataset (A)). The blue and red areas characterised the smallest and largest
distances to the manual segmentations. The tip of the horns and the external surface of the mid-compartment of both menisci were the areas most problematic to segment.
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